ABSTRACT Disadvantages inherent to existing guidance systems for scenic areas can be reduced to a partial point traversal problem in the connected graph. This paper presents an intelligent, ant-colony-based path planning algorithm that is applicable to scenic areas. The proposed algorithm modifies the ants' ending tour to achieve partial point traversal of the connected graph by eliminating the restriction of the ant colony algorithm taboo table. A temporary weight matrix is introduced so that the algorithm avoids the repeated selection of smaller-weight paths, improving its overall efficiency. The experimental results show that the improved ant colony algorithm proposed in this paper is more effective and efficient than other algorithms and more suitable to solve the path planning problem in one scenic area with many spots.
I. INTRODUCTION
The traditional path planning of scenic areas can be abstracted into a TSP problem which is a typical NP problem [1] , [2] . Intelligent algorithms [3] such as genetic algorithms and particle swarm optimization [4] can be applied to large-scale, complex TSP problems [5] . In recent years, the ant colony algorithm, inspired by the behavior of real ant colonies, has been successfully applied to solve TSP problems [6] , [7] . The ant colony algorithm is thus suitable for solving path planning problems as well [8] . The ant colony algorithm has garnered a great deal of research interest lately, particularly in regards to combining it with other algorithms to improve their performance [9] . However the traditional path planning [10] problem for scenic areas is so abstract that the ant colony algorithm does not practically apply. There are a few main reasons for this.
1) In the traditional path planning of scenic areas [11] , the scenic area is abstracted as a simple graph that includes only particular scenic spots while the actual area as a whole is ignored. An actual scenic area should be represented by a complex graph with multiple types of points including the entrance, internal scenic spots, public service points, road forks, and so on.
2) The scenic area is directly abstracted as a complete graph with a direct pathway between any two scenic spots. In actuality, the scenic area can only be defined as a connected graph with such pathways between any two scenic spots [12] though the real pathway may not directly connect them.
3) The traditional path planning of scenic areas is not focused on the customers' real demands [13] , [14] . When the scenic spots are numerous or the tourists only have limited time to visit specific spots, the traditional path planning algorithm does not reflect the manner in which they select scenic spots drawing their immediate interest. 4) The shortest tour path is defined as the best tour path.
But in a real scenic area, some roads may be steep and difficult to pass for the children and the aged, moreover some roads may be crowded. So a better path planning algorithm should avoid the special roads and supply the suitable paths for tourists [15] , [16] . Modern individuals tend to travel with more than one mobile device; they use an array of devices to gather information and plan their tour through scenic areas. Mobile devices, of course, have limited storage, limited computation power, and limited communication resourcesin other words, they require a highly efficient and effective path planning algorithm. In this study, we designed a novel path planning algorithm for scenic areas based on the typical ant colony algorithm. Tourists could utilize this algorithm to customize their own tour paths to satisfy individual, dynamic requirements.
The remainder of this paper is organized as follows: Section II elaborates on related works and our contributions; Section III introduces the traditional ant colony algorithm in brief; Section IV proposes the improved ant colony algorithm for solving the path planning problem in weakly connected graphs; Section V presents the results of our experiments, and Section VI offers a conclusion.
II. RELATED WORKS
Graph-based algorithms are typically used for planning travel paths [17] , [18] . The problem is NP-hard, however, so this leaves room only for ''good enough'' solutions. Path planning also involves risk assessment, which is based on estimates at best due to the underlying complexities.
A path planning optimization method is proposed here to calculate the shortest collision-free path from source to destination by avoiding static as well as dynamic obstacles [19] . An appropriate technique is necessary to facilitate the optimization of paths. Existing algorithms for this purpose include the artificial potential field algorithm, neural network algorithm, genetic algorithm, grid algorithm, and ant colony algorithm [20] - [22] . Among these algorithms, the artificial potential field is convenient for the underlying real-time control, but is easily trapped into local optima thus lacking global information. The neural network is good at learning, but its net structure is oversize; further, its neuron thresholds change with time within multi-obstacle and dynamic environmental conditions. The genetic algorithm has a good global searching capability, but its search space is large and the model must be continually reestablished as the environment changes. The grid algorithm can elucidate optimal paths, but its efficiency is affected by environment and grid density.
The ant colony algorithm has been widely applied to travel path planning and yields good solutions with fewer predetermined parameters than other algorithms. It consumes a lengthy search time, however, and easily falls into local optima, stagnation, or deadlock. Many scholars have attempted to resolve these issues. Koutsonikolas et al., for example, divided the path planning problem into panoramic area graph and sub-area graph cases [23] and integrated the 2-opt algorithm for scenic area path planning problems. Liu et al. used the genetic algorithm to improve the ant colony algorithm, and ran simulations to find that it provides enhanced path planning results [24] .
To the best of our knowledge, there are no previous proposals with marked similarity to ours; that being said, other researchers have used ant colony algorithm as a global planner. For example, Ou et al. [25] presented a hybrid model of ant colony algorithm and artificial potential fields (APF) algorithms. Rezazadeh et al. [26] proposed a new metaheuristic ant colony algorithm to solve the vehicle routing problem, where multiple colonies work separately. Precup et al. [27] built a robot to visit multiple targets in a manner similar to the ''traveling salesman'' problem but with the presence of obstacles; their robot was modeled as a point robot; that is, the robot occupies an exact cell in the discrete representation of the workspace and several robots are modeled as ants. This robot team architecture necessitates constant communication across the system to share pheromone information.
Several existing travel path planning systems informed the present study, as well. For example, Ducho et al. designed a travel path planning system for individual tourists traversing the Andalusian Autonomous Region [28] . Gavalas et al. also developed a travel path planning system in which tourists can select scenic spots on-demand and in real time. Sui developed a travel path planning software based on an improved ant colony algorithm. These systems are all focused on path planning between cities and scenic areas, while spots within a single scenic area are ignored. Our primary focus on this study was a novel path planning algorithm tailored to individual scenic areas [29] .
The main contributions of this paper are as follows: 1) We redefine the path planning of scenic area as a partial node traversal problem in a weakly connected graph to better reflect the dynamic behavior of individual tourists. The nodes are abstracted from the scenic spots in one scenic area and an improved ant colony algorithm is built accordingly. 2) In the improved ant colony algorithm, the partial nodes traversal problem in the weakly connected graph is resolved through a temporary weight matrix and a shortest path matrix. By calculating the weight value of paths dynamically, specific paths in the scenic area can be avoided as necessary. 3) Pheromone initialization and other problems are resolved to prevent premature convergence. The proposed method is demonstrated to be suitable for actual path planning applications.
III. RESEARCH ON BASIC ANT COLONY ALGORITHM
The ant is a small but powerful animal demonstrating extremely complex, cooperative behavior at the colony level. The colony works together to not only gather food and building materials with size dramatically exceeding their individual bodies, but to intuitively find the shortest path to food sources. Biologists have well established that ants use pheromones to exchange information and cooperate across the colony. Ants follow the pheromone concentration in selecting new paths and assigning them probability. Pheromones evaporate over time, leaving less of these signals over less optimal paths to guide the colony together towards the most efficient and effective path. Ants looking for a new food source do not yet have pheromone guidelines, so they undergo a completely random search in which all paths are given equal probability. VOLUME 5, 2017 Optimal paths are slowly introduced to the whole colony via the pheromones described above; longer or otherwise undesirable paths are gradually abandoned, while better, more heavily traversed paths are lined with pheromones to make them clearer to new ants entering the search process. This forms a positive feedback loop through which all the ants in the colony ultimately follow the optimal path to the food source. This process is schematically illustrated in Fig. 1 . Assume that A is the ant colony, E is the food source, the ants move the unit distance in per unit time, BD, BH is 1 unit distance, CD, and CH is 0.5 unit distance. As described above, the ants seek the shortest path between the nest and the food source. The first reported ant colony algorithm, the Ant System (AS), can be successfully applied to solve TSP problems. Other ant colony algorithms are all based on AS and tailored to different applications. In other words, AS is the most basic ant colony algorithm. It is implemented in two steps: (1) Constructing the path to the problem solution and (2) updating pheromones along this path.
In the AS model, the total number of ants is m and the number of cities is n. When artificial ants construct a feasible path, it is necessary to order these n city nodes during path selection from 1 to n. A given probability selection formula is then applied to determine the selection probability of each node, where nodes with transfer values are selected based on certain rules. The ant k in node i can calculate the probability of visiting node j according to equation (1) .
where τ ij (t) is the concentration of pheromones on path (i, j) which consists of nodes i, j. When time t=0 , τ ij (0) = τ 0 (τ 0 is a constant). η ij (t) = 1/d ij is the distance-related heuristic information. α and β indicate the importance of pheromone concentration and the importance of heuristic information, respectively. When α is larger, the ant more easily chooses paths according to pheromones left by previous ants. When β is larger, the current shorter path is selected because ants are inclined to greedy selection methods. allowed k is the node set available to ants currently. The selected nodes are stored in corresponding taboo table tabuk. The records in table tabuk change as the ants select different paths.
After the ant colony completes the construction of the path, the pheromones are accumulated but not to an excess under which heuristic information is ignored. Here, ρ (0 < ρ ≤ 1) represents the volatilization rate of pheromones and is updated as follows:
where τ k ij represents the released pheromone of the ant k on the path (i, j). There are three methods for path selection:
where Q is a constant, T is a path constructed by ant k, and L k is the path length. Equation (3) is the pheromone update calculation method based on the Ant-Cycle model. This method updates pheromones for the global path, making it highly efficient and effective. The other two methods can only update pheromones for local paths and their performance is limited, so we do not use them here.
IV. PATH PLANNING ALGORITHM A. PROBLEM DEFINITION
In this study, as discussed above, we focused on single scenic areas comprised of numerous scenic ''spots''. The scenic area graph is a connected graph consisting of entrances and exits, internal scenic spots, public service points, road fork points, and paths between them. Any two points are connected, but not necessarily directly. The path planning problem through the scenic area involves finding the optimal path to satisfy the tourist's dynamic needs, for example, visiting specific scenic spots while avoiding certain paths. It is also assumed that the travel path loops back to the starting point (entrance/exit). In the mathematical model of the scenic area, entrances, scenic spots, and road fork points are all abstracted as nodes. The node collection is V = {v i |i = 1, 2, 3 . . . , m} . A path is abstracted as a line segment; the set of segments is E = {e i,j |v i , v j ∈ V } . This area is abstracted as an undirected connected graph G = (V , E). V = {v i ∈ V |i = 1, 2, 3, . . . , m } is composed of the scenic spots the tourist will eventually visit, while R = {v i ∈ V |i = 1, 2, 3, . . . , m } is composed of the scenic spots the tourist has realistically passed, and V ⊂ R .
A feasible path for tourists is an arrangement of elements π (R) = {v 1 , v 2 , . . . , v m , v 1 }, and the set of all feasible paths is RA = {R 1 , R 2 , R 3 , . . .}; The weight of the path between the two points (v i , v j ) is ω ij , the initial weight matrix of the scenic area is W = {(ω ij )} m×n , and the total weight of the feasible paths is L(π (R)).
The mathematical model for path planning is defined to determine the most feasible path with the minimum total weight:
The ant colony algorithm can effectively solve large-scale TSP problems, but the path planning problem for a single scenic area is different -the typical ant colony algorithm cannot be used directly.
1) The scenic area is a connected graph in which two spots may or may not be directly connected. 2) Traversing tourists may visit some but not all of the scenic spots in the graph. 3) Tourists may avoid certain paths at will. The proposed algorithm was designed to address these three main issues.
B. TEMPORARY WEIGHT MATRIX DEFINITION
When the typical ant colony algorithm is used to solve the TSP problem, all nodes in the graph can be traversed only once. Ant k judges whether a node can be visited based on the taboo table. Here, any two points are directly connected and ant k can complete coverage the paths. The scenic area graph G is not actually a complete graph, however. If all the nodes must be visited once, ant k will not be able to complete the path-finding process. Therefore, ant k cannot be limited to the taboo table and nodes in the graph can be traversed many times. However, if nodes are allowed to be traversed many times, ant k may repeatedly shuttle across paths with smaller weights. The path-finding process could, to this effect, become an infinite loop.
To find a looped path in the connected graph but prevent ants from shuttling across paths with smaller weight, we refer to the definition of the pheromone matrix originated from the ant colony algorithm and introduce an inverse weight matrix W k to the path-finding process. If ant k moves from node v i to node v j , the value of the element ω ij in the weight matrix W k must be increased. In contrast to the pheromone matrices, the larger the value of ω ij , the less likely the path is to be selected. If ant k moves from node v i to node v j and the value of ω ij is not changed, then ant k may shuttle between v i and v j again, which is equivalent to traversing paths (i, j) three times. The new weight ω ij is defined as follows:
We also defined the conditions for ending the path-finding process. After ant k arrives at node v i ,v i is added in the current traversed nodes set R. The expected scenic spots set V is thus defined (or rejected) as a subset of set R. If V ⊂ R , ant k has completed traversing the graph; that is, the tourist has visited all his expected spots. If V ⊂ R, ant k continues searching for the next node. For the typical ant colony algorithm, when ant k completes its traversal to all nodes in the graph, it returns the starting node because any two nodes are directly connected. In scenic area path planning, however, the graph G is not a fully connected graph. After ant k traverses all the necessary nodes, it is possible that there is no direct path between the current node and the starting node. To ensure a closed loop, the initial shortest path matrix MR = (r ij ) m×n is calculated during initialization. After ant k completes its journey, it returns to the starting node according to the shortest path calculate according to MR.
If ω ij is not infinite, that is (v i , v j ) is connected, then r ij = j is initialized. The pseudo-code used for calculating MR based on the Floyd algorithm is given in Algorithm 1.
Algorithm 1 Algorithm for Calculating MR
1: for k ← 1 to m do 2: for i ← 1 to m do 3: for j ← 1 to m do 4: if ω ik + ω kj < ω ij then 5:
r ij ← r ik 
D. PATH WEIGHT CALCULATION
Unlike under the traditional ant colony algorithm, the best travel path across the scenic area may not be the shortestthe tourist may prefer a certain pathway to a certain spot. We improved the ant colony algorithm to this end based on two considerations of tourists' demands: (1) Avoiding steep paths and (2) avoiding crowded paths. This involves recalculating the weight ω ij in the initial weight matrix according to equation (9):
where d ij is the actual distance of the path (i, j) and d max is the longest path distance in the scenic area graph. When d y is 1, the tourist makes a selection to avoid a crowded path; when d y is 0, the tourist does not avoid the crowded path. When d d is equal to 1, the tourist chooses to avoid the steep path; when d d is equal to 0, the tourist takes the steep path.
E. AN IMPROVED ANT COLONY ALGORITHM FOR PATH PLANNING
When the typical ant colony algorithm is used to solve the TSP problem, premature convergence will appear. There are two effective policies to remedy this. The first policy is focused on the ant colony algorithm itself, for example, redefining the transfer probability and establishing a new pheromone-updating method. The second policy is to combine the traditional ant colony algorithm with other intelligent algorithms. For example, the genetic algorithm can be used to obtain initial solutions based on which the ant colony algorithm performs optimization. These policies can resolve the premature convergence problem to a certain extent, but the latter requires more spatial and time complexity. We apply the first policy in the proposed algorithm.
1) IMPROVING INITIAL PHEROMONE VALUES
When designing the path planning algorithm, the initial pheromone value is defined as a constant (similar to the traditional ant colony algorithm). We later found that this initial value affects the algorithm's efficiency. We instead calculated the weights on all paths (i, j) is before defining the initial value to obtain the minimum weight ω min : (10) where m is the number of nodes in the graph.
2) MAX-MIN ANT SYSTEM
During the path-finding process, the pheromone matrix must be updated in the ant colony algorithm continually. To prevent stagnation due to fluctuating quantities of pheromones on partial paths, the pheromone left on every path is limited to a certain range:
The weight matrix can be updated during (as opposed to before) the path-finding process in the proposed algorithm. The weight is limited to less than or equal to ω wmax in the weight table to prevent any sharp reduction in selection probability after the ants cross a certain path several times. If ω ij > ω wmax , let ω ij = ω wmax .
3) OPTIMIZATION OF TRANSFER PROBABILITY PARAMETERS
The proposed algorithm uses the same transition probability formula as the traditional ant colony algorithm. α represents the importance of the pheromone and β represents the importance of the path weight. The α and β values markedly affect the performance of the algorithm and these two variables are uncorrelated. That is α does not change with the change of β and vice versa.
The relationship between α, β and average convergence speed is shown in Fig. 2 and Fig. 3 . As shown in Fig. 2 , when α is between 1.8 and 2.1, the convergence speed is faster; when β is between 1.2 and 1.4 the convergence speed is faster (Fig. 3) . The scenic area data should be simulated in advance to obtain the optimal parameter values to apply to the specific system or application. So here, α is set a value between 1.8 and 2.1, β is set a value between 1.2 and 1.4 in order to accelerate a good convergence.
The pseudo-code of the proposed path planning algorithm is shown in Algorithm 2.
The Algorithm steps is as followings. 1) Initialize data including the current cycle number N c , maximum cycle number N max , and initial pheromone matrix T . 2) Calculate the initial weight matrix W and shortest path matrix MR. The initial weight W is calculated based on Algorithm 2 Procedure IRP 1: for each edge do 2: set initial pheromone value t 0 3: end for 4: set initial Matrix W 5: set initial matrix MR 6: while not stop do 7: for each ant k do 8: randomly choose an initial point from V 9: while ant k find a path do 10: choose next point with probability 11: update the W k value 12: end while 13: end for 14: compute the length C k of the tour constructed by the kth ant 15: for each edge do 16: update the pheromone value 17: end for 18: end while parameters such as path length, slope, and congestion degree between points v i and v j ; MR is calculated via Floyd algorithm. 3) Distribute n ants evenly over the set of scenic spots V that the tourist expects to visit. 4) According to the pheromone matrix T and temporary weight matrix W k , the transition probability of ant k at spot v i to other spots is calculated by equation (1). The roulette method is then used to select the next traversed node v j based on this transition probability. 5) Add v j to R k , record π (R k ), and update the value of ω ij in the temporary weight matrix. 6) Repeat Step4 and Step5 until R ⊃ V . 7) Based on MR, the shortest path from the current node to the starting node is identified and added to π(R k ), then the temporary weight matrix is reset. 8) If k < n, k ← k + 1, go back to Step4; otherwise, update the pheromone matrix and move on to the next step. 9) If N c < N max , N c ← N c + 1, go back to Step3; otherwise the algorithm ends and the best path π(R ) is obtained.
V. ALGORITHM SIMULATION AND ANALYSIS
The scenic map is processed as a connected graph as shown in Fig. 4 . The entrance to the area is marked with a square, scenic spots are marked with circles, and triangles indicate other nodes such as road forks or service providers. There are no specific weight labels provided in the graph because the path weights must be dynamically calculated. In the simulation, certain paths were defined as particularly steep or particularly crowded to comprehensively test the feasibility of the algorithm. Six different data sets were input for simulation. In the first three sets, special demands were not considered. The expected visiting scenic spots were selected randomly. The input data is shown in Table 1 .
The output simulation results are shown in Table 2 . Table 2 shows the optimal path results for the first group of data when special path considerations are not taken; the results of the fourth group of data do account for circumstances where the tourist may select special paths. The path lengths are shorter for the first group of data compared to the fourth group. As shown in Fig. 5 and Fig. 6 , special paths are not avoided in route 1. In route 2, conversely, the path from node 15 to node 1 is steep and the path between 7 and 8 is crowded, so these pathways are effectively avoided. The second and third groups of data reflect path-finding results without special considerations; the fifth and sixth groups do consider special considerations. The expected scenic spots in the second and fifth groups are similar, as are those in the third and sixth groups. As shown in Fig. 7 and Fig. 8 , route 3 has shorter, but steeper paths; per route 4, however, the tourist can effectively avoid the steep path between node 15 and node 1. As shown in Fig. 9 and Fig. 10 , route 5 has shorter length than route 6 but is more crowded. In route 6, the tourist can avoid the crowd between node 7 and node 8.
The convergence time in the simulation increased as the number of visited nodes increased, as shown in Fig. 11 . The proposed algorithm outperformed the traditional ant colony algorithm at greater numbers of nodes, i.e., converged faster due to 1) its more efficient state transition rules in the selection of subsequent transition directions and 2) the fact that both global and local pheromones of optimal paths were continually updated.
The enhanced ant colony algorithm is proposed by Gao et al.. In this algorithm the initialization method of pheromone and path search policy are improved. So this algorithm effectively overcomes the path dead lock problem and promotes the feasibility of the paths. For the local pheromone diffusion is introduced, the ants' search space is enlarged and the ability of global search is enhanced. Compared with our proposed improved ant colony algorithm, We redefine the path planning of scenic area as a partial node traversal problem in a weakly connected graph to better reflect the dynamic behavior of individual tourists firstly. Secondly, the partial nodes traversal problem in the weakly connected graph is resolved through a temporary weight matrix and a shortest path matrix. Finally, we improved the initial pheromone values, establish mas-min ant system and optimize the transfer probability parameters.
As shown in Fig. 12 , the improved ant colony algorithm has a smaller total weight of paths than the traditional ant colony algorithm. Thus, the proposed algorithm allows the tourist to avoid steep or crowded paths by assigning them larger weights. The greater the number of nodes is, the larger the total path weight value. When the number of nodes is similar, the proposed algorithm has smaller total path weight than the traditional ant colony algorithm. The simulation results show that our proposed improved ant colony algorithm is more suitable to solve path planning problem in the circumstance in one scenic area with many spots than the enhanced ant colony algorithm and the traditional ant colony algorithm.
As shown in Fig. 13 , the path length increases as the rate of nodes visited across the scenic area increases. The initial rate of node visits is less than or equal to 10%, at which point the proposed algorithm is highly effective because of the efficiency with which it assigns weight values. It also yields shorter total path length than the other two algorithms we tested. As the rate of node visits increases, however, there is less difference between the three algorithms because there are steep and crowded paths, making it challenging for the proposed algorithm to secure paths with lower weights. In other words, the proposed algorithm works best when the rate of node visits is fairly low.
VI. CONCLUSION
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